During plant litter decomposition in soils, carbon has two general fates: return to the atmosphere 28 via microbial respiration or transport into soil where long-term storage may occur. Discovering 29 microbial community features that drive carbon fate from litter decomposition may improve 30 modeling and management of soil carbon. This concept assumes there are features (or 31 underlying processes) that are widespread among disparate communities, and therefore amenable 32 to modeling. We tested this assumption using an epidemiological approach in which two 33 contrasting patterns of carbon flow in laboratory microcosms were delineated as functional states 34 and diverse microbial communities representing each state were compared to discover shared 35 features linked to carbon fate. Microbial communities from 206 soil samples from the 36 southwestern United States were inoculated on plant litter in microcosms, and carbon flow was 37 measured as cumulative carbon dioxide (CO2) and dissolved organic carbon (DOC) after 44 38 days. Carbon flow varied widely among the microcosms, with a 2-fold range in cumulative CO2 39 efflux and a 5-fold range in DOC quantity. Bacteria, not fungi, were the strongest drivers of 40 DOC variation. The most significant community-level feature linked to DOC abundance was 41 bacterial richness-the same feature linked to carbon fate in human-gut microbiome studies. 42 This proof-of-principle study under controlled conditions suggests common features driving 43 carbon flow in disparate microbial communities can be identified, motivating further exploration 44 of underlying mechanisms that may influence carbon fate in natural ecosystems. 45 46
Introduction 47
The decomposition of plant litter in soil is an ecosystem function with profound consequences. 48
Litter decomposition recycles nutrients and directs photosynthetically fixed carbon into various 49 carbon pools. Decomposition is primarily mediated by microorganisms. However in 50 conventional models, physiochemical factors and plant traits are the primary controls over 51 decomposition rates and soil carbon flow (1). An emerging view posits a stronger role for 52 microbial composition (1-3) because microbial communities are not always functionally 53 equivalent (4). If common features driving key functional outcomes occur in disparate microbial 54 communities across diverse ecosystems, the mechanisms represented by the features could be 55 incorporated into models to improve predictions of climate feedbacks and management 56 strategies. We define "features" as taxa, gene families, metabolic pathways, or any other unit of 57 interest measured by 'omics data. Features are an entry point to discover mechanisms, which are 58 the focus of modeling. Identifying robust community features that drive functional outcomes 59 requires a large collection of communities that vary in composition and represent a substantial 60 functional distribution from which contrasting functional states can be delineated. This approach 61 is standard in epidemiology, where a large population is prescreened for subgroups that represent 62 well-defined "healthy" versus "sick" functional states, for example. 63
Performing this type of study of variation in carbon flow patterns from litter 64 decomposition in natural ecosystems is impeded by several logistical challenges. First, the 65 geographic scale required to capture sufficient variation in community composition and function 66 is unknown. Second, microbial composition is entangled with other ecosystem and microhabitat 67 variables that obscure cause-effect relationships between microbial community features and 68 carbon flow patterns. Third, obtaining functional measurements (e.g. release of CO2 or dissolved 69 organic carbon) for a sufficient number of samples in the field is impractical. 70
A useful first step is to assess microbial-driven variation in decomposition outcomes in a 71 simplified laboratory ecosystem (microcosms). This approach sacrifices some realism but 72 enables tests of fundamental concepts and allows isolation of microbial community composition 73 as the sole independent variable. With microcosms, hundreds of communities can be examined; 74 the large scale reduces the risk of discovering eccentric features in a few communities that have 75 little relevance at broader scales. Moreover, reliable measurements of carbon flow are feasible. 76
The use of microcosms eliminates the spatial heterogeneity in edaphic factors that routinely 77 confounds attempts to attribute carbon fate to microbial community features in field studies. 78
Proof-of-principle studies with laboratory ecosystems can justify and guide more targeted 79 validation studies in natural ecosystems (5, 6) . 80
We measured carbon flow during the early phase of plant litter decomposition by 81 quantifying dissolved organic carbon (DOC) and carbon dioxide (CO2) in microcosms under 82 constant conditions. To obtain a large number of distinct source soil communities, we exploited 83 the observation that microbial communities vary over large geographic scales (7) . We collected 84 206 soil samples from 9 states in the Western U.S. encompassing 12 million km 2 (Suppl. Fig.1 ). 85
We inoculated the communities into 618 (206 x 3 replicates) laboratory microcosms containing 86 sterilized sand and plant litter (ponderosa pine needles, ground in a homogenous mixture). Plant 87 litter decomposition is generally viewed as a two-stage process comprising an initial fast phase 88 dominated by weedy microbial taxa, and a subsequent slow phase driven by taxa better equipped 89 to decompose lignin and other recalcitrant substrates (8, 9) . For an initial test of the concept of 90 microbially driven variation in carbon-flow from litter, we focused on the early (fast) phase of 91 plant litter decomposition, measuring cumulative carbon outputs after 44 days of decomposition. 92
We then used the resulting distribution of DOC to delineate two functional states ("high" and 93 "low" DOC) representing the most divergent levels of DOC for community profiling and feature 94 analysis. 95 96
Materials and methods 97

Initial soil collection for microbial inoculum 98
Soil samples were collected from 206 locations throughout the southwestern United States 99 between February and April, 2015 (Suppl. Fig. 1 ). The goal of this study was not to relate 100 functional outcomes to detailed characteristics of the environments from which the soils were 101 collected. Therefore, a randomized collection scheme was not used, as this would have 102 substantially increased the cost and logistical burden of sample collection without benefit. 103
Samples were typically collected at locations approximately 80 km apart, at least 15 meters from 104 roadways, from the top 3cm of the soil surface after removal of surface litter (if any). Samples 105 were collected in sterile 50-ml screw-cap tubes, and immediately stored on ice. The location of 106 each sample was recorded by GPS and photographed to facilitate description of the major 107 ecosystem types from which samples were obtained. GPS coordinates are available upon 108 request. 109
Microcosm construction and CO2 sampling 110
Microcosms were constructed using 125ml serum bottles. Each bottle contained approximately 111 5g of sand, and 0.12g of pine litter (dried pine needles), which had been ground in a Wiley Mill 112 (Thomas Scientific, Swedesboro, NJ, USA). The microcosms were sterilized by autoclaving 113 three times for 1 hour, with at least an 8-hour resting interval between each autoclave cycle. 114
Microbial community inoculum was extracted from each soil sample (n=206) by suspending one 115 gram of soil in 9ml of phosphate-buffered saline (PBS), then generating a 1000-fold dilution in 116 PBS amended with NH4NO3 at 4.8mg/ml. Three microcosms per soil sample (n=618) each 117 received 1.3 mls of inoculum, pipetted directly onto 0.02g of pine litter. Negative control 118 microcosms, used to confirm the efficacy of sterilization, received the same quantities of PBS 119 and NH4NO3, but no microbial communities. Sealed microcosms were incubated at 25 o C in the 120 dark for 14 days to equilibrate the communities. CO2 was evacuated using a vacuum pump on 121 days 3 and 7, and replaced with sterile-filtered air. On day 14, a further 0.1 g of litter, which had 122 been sterilized by three rounds of autoclaving, was added to each microcosm and microcosms 123 were sealed with Teflon-lined crimp caps. The microcosms were incubated at 25 o C in the dark 124 for a further 30 days. During this time, CO2 was measured by gas chromatography using an 125 Agilent Technologies 490 Micro GC (Santa Clara, CA, USA) on days 2, 5, 9, 16, 23 and 30. 126 After each measurement, the headspace air was evacuated with a vacuum pump and replaced 127 with sterile-filtered air. Cumulative CO2 was calculated by summing up the CO2 quantities 128 recorded at each measurement point. CO2 data was used for only 289 microcosms, after it was 129 discovered that the caps on the remaining microcosms were flawed and had been inadequately 130 sealed. 131
Dissolved organic carbon (DOC) and litter community sampling 132
After the 44-day (total) incubation, microcosms were destructively sampled to measure DOC and 133 community composition. DOC extractions were performed using a rapid, gentle washing 134 procedure to avoid measurement artifacts arising from microbial growth or microbial cell 135 disruption. Specifically, 5ml of sterile deionized water was added to each microcosm, swirled 136 manually for 30 seconds, then transferred by pipet to two 2-ml microfuge tubes. The tubes were 137 centrifuged at 16,400xg for 4 minutes. The supernatants were combined and sterilized by 138 filtration through a 0.2µm filter. The concentration of DOC in each sample was measured on an 139 OI Analytical model 1010 wet oxidation TOC analyzer (Xylem Inc., Rye Brook, NJ, USA), 140 calibrated daily. DOC data was obtained for 611 of 618 microcosms (7 samples were 141 compromised during processing). Following DOC sampling, material (sand and litter) from each 142 microcosm was frozen at -80 o C for DNA extraction. 143
Bacterial and fungal community taxonomic profiling 144
Samples for community profiling were down-selected based on the mean DOC quantity of each 145 set of three replicates. Samples from replicate microcosms with the highest mean DOC (n=192, 146 64 soils x 3 replicates) and lowest mean DOC (n=192, 64 soils x 3) outputs were selected for 147 DNA extraction and sequencing. These samples represent the two tails of the DOC distribution 148 (Suppl. Fig. 3 ). DNA extractions were performed using a DNeasy PowerSoil 96-well plate DNA 149 extraction kit (Qiagen, Hilden, Germany). The standard protocol was used with the following 150 two exceptions: 1) 0.3 grams of material was used per extraction; 2) bead beating was conducted 151 using a Spex Certiprep 2000 Geno/Grinder (Spex SamplePrep, Metuchen, NJ, USA) for three 152 minutes at 1900 strokes/minute. DNA samples were quantified with an Invitrogen Quant-iT TM 153 ds DNA Assay Kit (Thermo Fisher Scientific, Eugene, OR, USA) on a BioTek Synergy HI 154
Hybrid Reader (Winooski, VT, USA). DNA quantities were used as a proxy for total microbial 155 biomass. For comparisons of biomass between high and low DOC groups, and for correlation 156 between biomass and DOC quantity, three samples greater than 3 standard deviations from the 157 mean were removed as outliers, and one sample failed to yield DNA. This left 190 samples for 158 each DOC group. PCR templates were prepared by diluting an aliquot of each DNA stock in 159 sterile water to 1ng/µl. The bacterial (and archaeal) 16S rRNA gene (V3-V4 region) was 160 amplified using primers 515f-R806 (10). Henceforth, archaeal sequences were analyzed with 161 bacterial sequences. The fungal 28S rRNA gene (D2 hypervariable region) was amplified using 162 the LR22R primer (11) and the reverse LR3 primer (12). Preparation for Illumina high-163 throughput sequencing was undertaken using a two-step approach, similar to that performed by 164
Mueller et al. (13), with Phusion Hot Start II High Fidelity DNA polymerase (Thermo Fisher 165
Scientific, Vilnius, Lithuania). In the first PCR, unique 6 bp barcodes were inserted into the 166 forward and reverse primer in a combinatorial approach over 22 cycles with an annealing 167 temperature of 60 o C (14). The second PCR added Illumina-specific sequences over 10 cycles 168
with an annealing temperature of 65 o C. Amplicons were cleaned using a Mo bio UltraClean 169 PCR clean-up kit (Carlsbad, CA, USA), quantified using the same procedure as for the extracted 170 DNA, and then pooled at a concentration of 10ng each. The pooled samples were further 171 cleaned and concentrated using the Mobio UltraClean PCR clean-up kit. All clean ups were 172 undertaken as per the manufacturer's instructions with the following modifications: binding 173 buffer amount was reduced from 5X to 3X sample volume, and final elutions were performed in 174 50 µl Elution Buffer. A bioanalyzer was used to assess DNA quality, concentration was verified 175 using qPCR, and paired-end 250 bp reads were obtained using an Illumina MiSeq sequencer at 176
Los Alamos National Laboratory. 177
Bacterial and fungal sequences were merged with PEAR v 9.6 (15), quality filtered to 178 remove sequences with 1% or more low-quality (q20) bases, and demultiplexed using QIIME 179 (16) allowing no mismatches to the barcode or primer sequence. Further processing was 180 undertaken with UPARSE (17). Sequences with an error rate greater than 0.5 were removed, 181 remaining sequences were dereplicated, singletons were excluded from clustering, OTU 182 clustering was performed at 97% and putative chimeras were identified de novo using UCHIME 183 (18). Bacterial and fungal OTUs were classified using the Ribosomal Database Project (RDP) 184 classifier (19). The OTUs that were not classified as bacteria or fungi with 100% confidence 185 were removed from the dataset. Bacterial OTUs also had to have a phylum classification 186 confidence level of at least 80% to remain in the dataset. Following quality control and 187 classification, 9,576,525 sequences from 349 microcosms were obtained for bacteria and 188 13,124,107 sequences from 377 microcosms were obtained for fungi. These sorted into 2,527 189
OTUs for bacteria (an average of 275 per microcosm, SE = 8) and 753 OTUs for fungi (an 190 average of 47 per microcosm, SE = 1). Sequence data has been deposited in the NCBI Sequence 191
Read Archive (SRP151768). All other data including OTU tables are available upon request. The bacterial content of the DNA extracted from microcosm material was determined using 195 quantitative PCR (qPCR). For this exercise, a subset of random samples in the high and low 196 DOC groups was chosen, with one replicate of each set of three randomly selected (n = 37 for 197 low DOC communities, n = 35 for high DOC communities). We used primers EUB 338 (20) 198 and EUB 518 (21) as described by Castro et al. (22) with the Biorad iQ SyBr Green Supermix on 199 a BioRad CFX Connect Real-Time System (BioRad, Hercules, CA). DNA templates were 200 normalized to 1.0 ng/µl and the annealing temperature was 55 o C. Serial dilutions of genomic 201 DNA from Burkholderia thailandensis E264 (ATCC 70038) were used to create a six-point 202 calibration for qPCR DNA quantification. Melt curves were generated for every run to detect 203 potential false positives. The 16S rRNA gene copy numbers determined from qPCR were 204 converted to mass of bacterial DNA using an assumption of 4 copies (average) per genome, an 205 average genome size of 3.5MB, and a mass conversion factor of 1.079375623 -9 pg/bp. After 206 computing the bacterial fraction of the total DNA, the remainder of the DNA was assumed to 207 represent fungal DNA. This assumption was reasonable because the DNA obtained from the 208 microcosms arose predominantly from the profuse fungal and bacterial mats that grew on the 209 plant litter in every microcosm (attempts to extract DNA either from the original inoculum 210 suspensions or from the sterile plant litter did not recover measurable quantities of DNA). The 211 calculated masses of fungal DNA and bacterial DNA were used to compute the fungal:bacterial 212 ratio. Three samples were removed as outliers as they were more than three standard deviations 213 from the mean, leaving 34 samples in the high DOC group and 35 samples in the low DOC 214 group. 215
DOC binding assay 216
DOC binding potential was assessed for the DOC from one randomly-chosen replicate from all 217 the high DOC (n = 64) and all the low DOC (n = 64) communities. For each sample, 0.5 ml of 218 extracted DOC was added to 1ml of sterile water (creating a dilution factor of 3) and 0.3 grams 219 of aluminum oxide (AlO3). Samples were gently mixed using a Thermolyne rocker 220 (Barnstead/Thermolyne, Dubuque, IA, USA) at maximum tilt for 30 minutes and then 221 centrifuged at maximum speed (16,100 xg) for 5 minutes. Supernatant was transferred to a new 222 tube and stored at -20 C until DOC quantification on a TOC analyzer. The percentage of bound 223 DOC was calculated as 100% x (DOCpost-binding x dilutionFactor)/DOCpre-binding. 224
Statistical analyses 225
While initially each microbial inoculum was used in three replicate microcosms, the individual 226 microcosms were used as independent samples in all statistical analyses. They were treated as 227 individual samples because the initial inoculum replicates diverged substantially in community 228 composition by the conclusion of the experiment. Additionally, compositional analyses were run 229 on each set of replicates independently to confirm that our conclusions were robust irrespective 230 of how replicates were treated. 231
Community composition analyses were performed with rarefied data unless otherwise 232 stated. Bacterial communities were rarefied to 1023 sequences per sample, after which 311 233 samples remained for analysis. Fungal communities were rarefied to 2032 sequences, after 234 which 345 samples remained for analysis. Bacterial (n = 311) and fungal (n = 345) richness and 235 diversity (Shannon-Wiener index) were compared across high and low DOC groups using t-tests. 236
Bray-Curtis dissimilarity matrices for bacterial and fungal communities were computed using 237 log-transformed data for bacteria and for fungi in the R library vegan v 2.4-3 (23). Next, we 238 used Pearson's correlations to assess correspondence between community composition and DOC 239 concentration for each of the 6 ordination dimensions. The strongest relationship was seen in the 240 first (r = -0.46, P = < 0.001) and second (r = -0.44, P = <0.001) dimensions for bacteria. For 241 fungi, the strongest relationship was seen in the fourth (r = 0.32, P = <0.001) and fifth (r = -0.21, 242 P = <0.001) dimensions. We performed a permutational multivariate analysis of variance 243 (PERMANOVA) (24) to assess whether the communities from high and low DOC groups 244 differed (vegan v 2.4-3) (23). To quantify the relative variability within each DOC group (i.e. 245 high and low), we measured the average distance to the centroid within each DOC group using a 246 test for homogeneity of dispersion (24) (vegan v 2.4-3 package R) (23). This revealed that 247 although dispersion was significantly different between high and low DOC microcosms for both 248 bacteria (F 1,309 = 69.56, P < 0.001) and fungi (F1,343 = 6, P < 0.05), the difference in dispersion 249 between the high and low DOC groups was small. For fungi, the average distance to the centroid 250 was 0.57 for the high DOC microcosms and 0.55 for the low. For bacteria, the average distance 251
to the centroid was 0.51 for high and 0.46 for low DOC microcosms. The relationship between 252 community composition and DOC quantity (instead of high vs low groupings) was also 253 investigated using Mantel tests based on 999 permutations with log-transformed data. For 254 bacteria, 308 samples were used, for fungi, 343 samples were used. Here, DOC values 255 associated with each sample were used to generate a Euclidean distance matrix, used in Mantel 256 tests with Bray-Curtis distance matrices for bacteria and fungi (ecodist package) (25). 257
To further compare community composition and DOC quantity, for high and low DOC 258 groups, OTU sequences were grouped phylogenetically, for bacteria to family level and order 259 level, and for fungi to order level. For fungal orders and bacterial families, OTUs were only 260 used that could be phylogenetically assigned with at least a 70% confidence level from the RDP 261
Classifier. For bacterial orders to be included, a classification confidence level of 90% was 262 required. Family level comparisons were not made for fungi due to low classification confidence 263 levels. Due to the large number of taxa present in the microcosms, we chose to perform further 264 statistical analysis on only the most abundant taxa. For each bacterial and fungal order that 265 comprised on average at least 0.1% of the sequences, and for each bacterial family that 266 comprised on average at least 1% of the sequences of either (or both) the high or low DOC 267 groups, we compared the proportion of sequences present in high versus low DOC groups using 268 t-tests. For this analysis, the community composition matrices were not rarefied. For analysis of 269 bacterial Orders, samples with less than 1063 sequences were removed, and for Families, 
Variation in carbon quantity and quality 281
The quantity of CO2 produced by the microbial communities varied approximately 2-fold, 282 between 160 and 345 mg/g of litter ( Fig.1A) . DOC accumulation showed a greater range, with 283 between 3 and 18 mg/g of litter measured upon microcosm destruction (Fig.1B) . The CO2 and 284 DOC outputs from decomposition were negatively correlated (R 2 = 0.16, P = <0.001; Suppl. Fig.  285 2). The DOC distribution was used to delineate two contrasting functional states. High and low 286 DOC sample groups were delineated, respectively, as the tails of the DOC distribution (Suppl. 287 Fig. 3 ) and were balanced by requiring each group to contain 192 samples (i.e., all 3 replicate 288 communities derived from 64 source soils). The high and low DOC groups varied not only in 289 DOC abundance but also in DOC composition, as indicated by a mineral-binding assay. The 290 fraction of DOC binding to aluminum oxide ranged from 16.9% -55.8% among the subset of 291 DOC samples tested. Communities with high quantities of DOC had, on average, DOC with 292 significantly greater potential for mineral-binding (two-tailed t-test, t122 = 2.8, P = 0.006; Fig. 2) . 293
Geographic location of source soils yielding high and low DOC in microcosms 294
Source soil samples yielding high versus low DOC communities in our study were 295 geographically intermingled (Suppl. Fig. 1 ) and co-occurred less than 30m apart at 14% of 49 296 geographic locations where two or more soil samples were collected from the same site. The 297 source soils were obtained from eight ecosystem types defined broadly by dominant and minor 298 plant types or by agricultural land-use (Table 1 ). The ecosystem type from which source soils 299
were obtained significantly influenced the probability of observing high or low DOC abundance 300 (ANOVA, F=28.87, P<0.0001) in the microcosm experiment. However, both functional 301 outcomes occurred among source soils within each of five ecosystem types (Table 1) , fulfilling 302 the objective of acquiring contrasting functional states from multiple ecosystem types to search 303 for common microbial community features. 304
Relationship between community-level features and DOC abundance 305
The composition of both the fungal and bacterial communities in the low DOC microcosms at 306 the end of the 44-day incubation was significantly different from the composition of those in the 307 high DOC microcosms (PERMANOVA:bacteria, F1,309 = 14.48, P = <0.001; fungi, F1,343 = 7.64, 308 P = <0.001; Fig. 3, Suppl. Fig. 4 ). The mantel correlation between DOC abundance and 309 community composition was stronger for bacteria (Mantel test; r = 0.38, P = <0.001) than for 310 fungi (Mantel test; r = 0.12, P = <0.001). On average, 23 bacterial orders containing a minimum 311 of 0.1% of the bacterial sequences were observed per sample, and 57% of these differed 312 significantly in relative abundances between the low and high DOC groups (Suppl. Fig. 4A) . 313
There were 23 bacterial families containing at least 1% of the sequences on average, and 13 of 314 these were significantly different in relative abundances between the two groups (Suppl. Fig.  315 4B). For fungi, 14 orders contained at least 0.1% of the fungal sequences per sample, and only 316 36% of these differed significantly between the low and high DOC groups, further reflecting the 317 stronger link between bacterial community composition and DOC levels (Suppl. Fig. 4C ). 318
Further community-level analyses were undertaken using DNA extracted from the high 319 and low DOC microcosms. High DOC microcosm communities had, on average, 18% less 320 biomass (measured as total extracted DNA) than low DOC communities (two-tailed t-test, t378 = 321 4.7, P = <0.001; Suppl. Fig.5 ) but DOC was only weakly correlated with biomass (Pearson 322 correlation; r = -0.22, P = <0.001). The ratio of fungi to bacteria estimated from total DNA and 323 qPCR data from a subset of samples was not significantly different between high and low DOC 324 communities (two-tailed t-test, t36 = 1.7, P = 0.1). The community-level trait most strongly 325 linked to DOC abundance in our study was bacterial richness (Pearson correlation; r = -0.64, P = 326 <0.001). The average bacterial richness was one third lower in high DOC communities 327 compared to low DOC communities (Fig. 4A , two-tailed t test, t307 = 13.74, P = <0.001), 328
whereas fungal richness was not significantly different (Fig. 4b) . Comparisons of diversity 329 between high and low groups made using the Shannon-Weiner index yielded similar results 330 (bacteria: two-tailed t test, t288 = 10.39, P = <0.001, fungi: two-tailed t test, t331 = 0.24, P = 0.81). 331 332
Discussion 333
Laboratory microcosms lack many elements of natural systems. Nonetheless, microcosms are a 334 useful testbed to discover basic phenomena that merit further investigation in natural systems. 335
Although further research is required to determine the true relevance of our microcosm results 336 for natural ecosystems, it is useful to consider the potential implications, which is our focus in 337 the following sections. 338
Variation in carbon flows from decomposition 339
By holding the environment constant within laboratory microcosms and varying nothing but 340 microbial community composition, we demonstrated an incontrovertible link between microbial 341 community composition and decomposition outcomes. Our findings build upon those of 342 Strickland et al. (27) and Matulich & Martiny (28) , being generated from much larger numbers 343 of naturally assembled microbial communities. In addition, we found the range of variation in 344 CO2 and DOC outputs is substantial enough to merit further study in relation to climate 345 feedbacks. This range, combined with the general magnitude of natural CO2 flux from soil 346 respiration (29), suggests the possibility of exploiting microbial-driven variation in CO2 output 347 from soils to achieve the proposed offsets in anthropogenic CO2 emissions needed to mitigate 348 climate change (30). We acknowledge our current results merely illustrate a conceptual We focused on the DOC distribution for the determination of community traits important 359 to carbon flows in soil. The DOC distribution we detected suggests a large potential for 360 microbial community control over soil carbon storage because DOC has the possibility for 361 transport from the soil surface to deep soil horizons where long-term carbon storage can occur 362 (32). When DOC from decomposing surface litter is transported to deeper layers, some of the 363 carbon adsorbs to mineral surfaces (33, 34) enabling carbon storage over millennial timescales 364 (35, 36) . Consequently, in natural systems, DOC from surface litter contributes significantly to 365 soil carbon stocks (37). Because the amount of carbon stored is related to the quantity of DOC 366 available for translocation (37), microbial communities that yield larger quantities of DOC create 367 a possibility for greater soil carbon storage. 368
In addition to changing DOC quantity, our results show that microbial community 369 composition can alter DOC quality. The finding that communities with high quantities of DOC 370 also had, on average, DOC with higher mineral binding potential suggests further possibilities 371 for impacts of microbial community composition on DOC storage in soil. Increases in the 372 mineral-binding fraction of DOC involve enrichment of DOC with compounds that have affinity 373 for mineral surfaces (32). Enrichment of DOC may occur through different mechanisms 374 including (a) variable depletion of compounds released from plant litter, (b) production of taxon-375 specific microbial by-products (e.g. polyphenolics produced by Actinobacteria) (38) and (c) 376 release of taxon-specific residues from dead microbial cells such as melanin, chitin, B-glucans, 377 or glycoproteins (e.g. glomalin) from fungi (39-41). Combining the effects of DOC quantity and 378 quality, we observed a 7-fold range in readily-storable carbon among the microbial communities 379 in our study system. In a natural system, the realized quantity of carbon stored would depend on 380 additional factors such as precipitation enabling DOC transport to deep mineral layers (42), soil 381 porosity (43), the minerology and chemistry of soil (44), and variation in the composition of 382 subsurface microbial communities that control the extent of DOC decomposition during DOC 383 transport through the soil (45). Given the complexity and heterogeneity of natural systems, the 384 range of microbially-driven variation in storable carbon could be either smaller or larger than the 385 range observed in our system, and further study in natural systems is needed to determine this. 386
The geographic intermingling of the source soils that produced communities yielding 387 extreme (high or low) DOC quantities in our microcosm study suggests natural communities 388 may vary enough over small spatial scales (meters to kilometers) to create substantial variation in 389 decomposition outcomes and, therefore, climate feedbacks. The entire functional distribution we 390 observed with DOC may occur within single ecosystems in nature, facilitated by patchiness in 391 microbial community composition at the centimeter to meter scale (46, 47) . Up to 70-fold 392 variation in carbon-mass loss during litter decomposition has been recorded within single 393 grassland sites (48), and could conceivably have arisen from variation in the composition of 394 decomposer communities. These observations emphasize the need for explicit analysis of 395 microbial composition as a driver when substantial variation in carbon flow is seen in a natural 396 ecosystem. If wide a wide range of compositional and functional variation in surface 397 decomposer communities routinely occurs within ecosystems, it would suggest the absence of 398 strongly deterministic processes that would force functional convergence. Confirming such 399 plasticity would increase the possibility of successfully steering communities to achieve desired 400 patterns of carbon flow. 401
Community-level features linked to carbon flow 402
To facilitate identification of community-level features linked to DOC abundance, we 403 sequenced the subset of microbial communities that represented the tails of the DOC abundance 404 distribution, delineated as contrasting functional states (high and low DOC quantity). We 405 focused on four community-level features that are often measured in ecosystem studies: 1) 406 community biomass, 2) the estimated ratio of fungi to bacteria, 3) fungal and bacterial 407 community composition, and 4) fungal and bacterial richness and diversity. 408
We found that high DOC communities from microcosms at the end of the 45-day 409 incubation had less biomass (measured as total extracted DNA) than low DOC communities, but 410 DOC was not strongly correlated with biomass. The small range of variation we observed in 411 microbial biomass could conceivably arise from differences in community composition, given 412 the large (e.g. >2-fold) variation in genome size that occurs among bacterial species and among 413 fungal species. The ratio of fungi to bacteria was not significantly different between groups 414 although this trait has been reported as an indicator of soil carbon content (49). However 415 significant differences were found both in fungal and bacterial composition between the high 416 versus low DOC communities. Fungi are generally considered the main microbial drivers of 417 plant litter decomposition, due to their production of powerful enzymes for deconstruction of 418 plant lignocellulose (50). In our study, however, the correlation between DOC abundance and 419 community composition was weaker for fungi than for bacteria. Bacterial communities are also 420 important to decomposition outcomes in the field (31). Our results are consistent with the view 421 that fungi drive the overall rate and extent of litter deconstruction, while bacteria play a 422 significant role as secondary consumers, controlling the quantity of DOC that remains available 423 for transport into soil. 424
In addition to the importance of bacterial community composition to DOC levels, we 425 found a strong link between DOC and bacterial richness and diversity. Fungal richness and 426 diversity were not found to be important. The correspondence of lower bacterial richness with 427 higher DOC abundance may indicate either an absence of critical functions (e.g. genes required 428 for the consumption of specific DOC compounds or concentrations) in the microbial 429 communities, or suppression of those critical functions. Functional suppression can arise from 430 negative interactions within microbial communities, such as antibiotic production (51), predation 431 (52), or bacteriophage activity (53). Bacterial richness is known to vary at the landscape scale, 432 declining with greater aridity in at least some biomes (54, 55), and with lower pH (56). If 433 bacterial richness proves to be a robust factor in DOC abundance among natural ecosystems, 434 understanding the interplay between bacterial richness, taxonomic composition, and carbon flow 435 may reveal mechanisms that can be integrated in models, improving prediction of soil carbon 436 stocks across a variety of environments. 437
Summary 438
To improve climate predictions by including microbial processes in soil carbon models, climate-439 relevant microbial processes and simple traits that represent them must first be identified, as has 440 been achieved with plant traits (57, 58) . Our study showed a strong influence of microbial 441 community composition over decomposition outcomes in a constant environment, resulting in 442 large differences in carbon flow from litter decomposition. It is reasonable to expect that 443 microbial composition drives variation in every component of soil carbon cycling (e.g. surface 444 litter decomposition, subsurface litter decomposition, plant productivity and carbon allocation). 445
Our findings motivate investigation of this phenomenon in natural systems in order to assess its 446 importance to climate feedbacks within and among existing ecosystems and its implications for 447 managing soil carbon. We identified a high-level trait, bacterial richness, linked to DOC 448 abundance and known to be geographically patterned. Bacterial richness has also been linked to 449 carbon fate in mammals (59) where lower richness correlates with increased carbon storage in 450 the host (59, 60). Our findings raise the tantalizing possibility of discovering robust principles 451 that underpin functional states in extremely diverse systems ranging from soils to animal guts. 452 453
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The authors declare that they have no conflict of interest. decomposition. The data are expressed as the mean value ± SEM. The differences in bacterial 631 richness and Shannon-Weiner values were significant, as determined by two-tailed t tests (P = 632 <0.001). 633 a For the hyphenated ecosystem types, the dominant plant type is listed first and the minor plant type is listed after the hyphen.
a" Mixed" represented locations that were predominantly low-lying drainage areas (e.g. arroyos, vales) with highly mixed plant types (trees, shrubs, and grasses). 
